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Abstract—In this paper, we propose a new approach for
the development of load control policies in autonomic multi

tier systems. We control system load in a completely new way

compared to existing policies: we leverage on the autocoraion

of service times and show that autocorrelation can be used to

forecast future service requirements of requests and adaptely
control system load. To the best of our knowledge, this is thérst
direct application of autocorrelation of service times to aitonomic
load control.

We propose ALOC and D_AL oC, two autocorrelation-driven
policies that drop a percentage of the load in order to meet
pre-defined quality-of-service levels in a distributed syem. Both
policies are easy to implement and rely on minimal assumptius.
In particular, D _AL0oC is a fully no-knowledge measurement-
based policy that self-adjusts its load control parametersased
only on policy targets and on statistical information of requests
served in the past. We illustrate the effectiveness of thesgew
policies in a distributed multi-server setting via detailed trace
driven simulations. We show that if these policies are empied
in the server with a temporal dependent service process, time
end-to-end response time, across all servers, reduces up 0%
by only dropping at most 6% of the incoming requests. Using
real traces, we also show that, in the constrained case of Ingj
able to drop only from a portion of the incoming workload, our
policy still improves request response time by up ta30%.
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|I. INTRODUCTION

Qi Zhang
Microsoft
CEC Belfast, UK Seattle, WA, USA Pittsburgh, PA, USA  Williamsburg, VA, USA

Alma Riska Evgenia Smirni
Seagate Research College of William and Mary

the system load control by the temporal dependent character
istics of the past processed requests, which can be detamin
with minimal computational effort. In particular, we focus
on servers accepting requests from an open environment, but
having locally a limited buffer size to host requests waijtto

be served; these systems, which include among other multi-
tier Web systems, are commonly modeled as closed queuing
systems [11], [20], [12].

In computer systems, temporal dependence in service of one
of the queues is a characteristic that significantly degrade
performance in addition to well-known facts like workload
variability [3], [13]. For example, in systems that operasing
the standard multi-tiered paradigm, temporal dependease h
been located in the service process of the front server [13]
or of the back-end database [12] and is an effect of the
hardware/software configuration of the system. Such teaipor
dependence in one server of the entire system results in
dramatic end-to-end degradation in response times [13].

In this paper, we show that temporal dependence can be ex-
ploited to forecast future service requirements of recuastl
we use this prediction as an additional criterion for reseur
allocation. The structure of temporal dependence in secan
be described and quantified via thatocorrelation function
(ACF) [2]. The ACF essentially captures the “ordering” of
random values in a time series. High positive ACF values

Recent work in Web systems, such as Internet servemsply strong temporal locality: a value of the random valgab
[21], multi-tier architectures [4], and online Data Strearm the time series has a high probability to be followed
Management Systems (DSMSs) [7], has drawn attention to tne another variable of the same order of magnitude, while
problem of defining effective load control techniques togkeenegative ACF values imply the opposite. Intuitively, ACHca
a system responsive under a variety of overload conditiom® used to quantify burstiness in service times and to feteca

e.g., Internet flash crowds, large data arrival streamgeried

service requirements in the near future [2].

by environmental sensors. We here focus on the fundamentalutocorrelated flows have been identified as an important
issue of performing load control when the syst@annot traffic characteristic in communication networks [15] armyd
proactively inspect the incoming workload and decide whidieled much research over the past two decades. From a
requests are the most important or cost-effective to serepieueing perspective, it has been shown that dependence
For example, a Web server that operates in a virtualizéd the arrival process of a single queue results in dramatic
environment is often forced to shed work arbitrarily be@augperformance degradation [6], [1]. The presence of autocor-
it is unable to preventively inspect the performance effectelation has been only recently identified as prevalent in
of its predicted workload [21]. Therefore, it is importat t a variety of settings [16], [13], [9], [18]. The analysis of
define effective low-overhead strategies that autonotgicabystems in presence of autocorrelated service is pantigula
control the incoming load based on the server past histochallenging: autocorrelation in the service process of ohe

In this paper, we study the problem of load control undéhe queues affects request burstiness throughout thersgste

the assumption that there is no knowledge of the incomisignificantly degrades end-to-end system performance [13]
workload characteristics. We examine the feasibility dafidg In this paper, we propose to use autocorrelation to selec-



tively drop requests that are most harmful to performanee. W _ 50

design a new policy, called AhC, for the aitocorrelation- 5

driven load @ntrol in autonomic systems. The static version % 40

of this policy assumes no knowledge of the length of queued 3 3gl-

jobs, but requires a priori knowledge of the autocorretatio f{

function of the service process. AIC is triggered when the T 207

gueue length grows beyond a certain threshaid the last < 10h

served job was long. Using an autocorrelation-based havris = 1
ALoC drops some jobs from the queue to improve the 0 0
round-trip times of other requests. Detailed simulatiosisgi simulation time c
synthetically generated workloads illustrate the effesiess o 0O o e o ) o =
of this heuristic policy for load control: dramatic redwsts e == S
to end-to-end average response times up0@ with a drop current MMPP(2) rate as a function of time

rate limit of 6% only. . . . Fig. 1. Queue-length and service times measured in the simulation
We also propose a dynamic version of the &L policy case study. In shaded areas, jobs are completed with slew:gat
called D ALOC that is truly ano knowledge policy, i.e., it Samples of the duratiosl;, for k¥ = {0,1} are shown below the

does not assume any a priori knowledge of the autocorrelatiain diagram.

function or of the queue length threshold that triggerscizie

job drop. This policy successfully measures autocormbati ] ]

in an online fashion and self-adjusts its triggering pareme Ve investigate how temporal dependence affects system
according to the measured performance and autocorrelaf§iiformance in a closed system. Throughout the example, we
strengths. The effectiveness and robustness oAlDOC is guantify tempqral d_ependence by the autoqorrelan(_)n fanct
shown via detailed experimentation using syntheticallyege (ACF) of service times. Le{X;} be a stationary time se-
ated workloads as well as actual traces measured at the di§g Of identically distributed random variables, where=

level of a streaming system. 0,1,2,...,00. The autocorrelation functiop; is the sequence
The stated goals and outline of this work can therefore & COrrelation coefficients:
summarized as follows: p; = E[(X; — p 1) (Xepy — pH)]/0?, 1)

« to discuss the performance effects due to an autocor-
related service process in systems, which motivates twere .~ is the mean and? is the variance of{X;};
development of the AbC policy (Section II), the subscriptj is called the lag and denotes the number of

« to develop the AloC and D ALoC policies which observations that separaty and X, ;. The values op; are
reduce load on an autocorrelated queue based on oniinghe range[—1, 1]. In most casesp; approaches zero gs
monitoring of the system and evaluate its performangacreases. Qualitatively,; indicates the “similarity” in size
via simulation with synthetic traces (Section III), between two elements spaced lyags, which is different

« to validate the effectiveness and robustness of the néwm zero only if the process has temporal dependence.
proposed policies via trace-driven simulations using real To understand the effect of autocorrelation on systems, we

traces (Section IV). have simulated a closed system with two tandem queues and
In Section V, we summarize our findings and outline futurfPcused on transient performance measures at the autocor-
work. related resource. The model has two first-come first-served

gueues in tandem (e.g., a multi-tiered system), where a con-
stant number ofV = 50 jobs cyclically receive service from
the two resources. Resourdehas exponentially distributed
The performance of many real systems, such as multi-tiergervice times with mean ratd = 1; resource2 has an
systems, can be accurately described in terms of closedequeaautocorrelated service process that is represented by koMar
ing systems [11]. Closed models have been intensivelyetudimodulated Poisson process with two states (i.e., an MMPP(2)
in performance evaluation, but they are usually very hard pyocess) [17]. Thus, queu2 has temporal dependence in
evaluate or optimize when the workloads have time-varyirtbe service times and we are interested to investigate how
characteristics. In the next sections, we focus on therlatthis affects the overall system performance. We remark that
issue of optimizing the performance of real systems whek#MPP(2) processes have been successfully used to model the
service times exhibitemporal dependence. Under temporal service process under temporal dependent workloads in-mult
dependence, consecutive service times cannot be assutmred systems [12].
independent of each other (e.g., a long service time is moreThe MMPP(2) service process at queRids a two-state
likely to be followed by another long service time) resudtin continuous-time Markov chain where some jumps are associ-
in burstiness which consistently degrades performance. \Akd to service completion events. Essentially, the ch@nds
propose in this section a motivating example to show the statei, : € {0,1}, a time that has exponential distribution
negative effects of temporal dependence in systems. f(z) = pe *® and upon jumping out of the system

II. MOTIVATING EXAMPLE



completes job service with a certain probability, otheevis  I1ll. AUTOCORRELATION-GUIDED LOAD CONTROL

the job remains in service. The advantage of the MMPP(2) | this section, we propose a load control policy to improve

over other models is that an MMPP(2) can easily represqfk overall system performance. For the rest of the paper, we

service times with high variability and temporal dependengssyme that load control by dropping requests is an acdeptab

[2]. The MMPP(2) considered in the case study is defined Byactice for the application under consideration. For eam

the following parameters: the MPEG video coding schemes store the necessary infor-

mation to decode the video redundantly in multiple frames.

. statel has fast service ratg, = 12 job/sec: Consequently, under heavy load, some of the frameg can be
dropped, up to a certain percentage, without compromisiag t

+ the jumping probabilities betwleen.the two stafés1} averall quality of service perceived by the user. Furtheemo
are selected such that the service times have mean seryice

rate ;1 — 1, squared coefficient of variatiof'V? — 20, e quality of service perceived by the user depends on the

: : . N device that is playing the digital video. If it is a low resttn
and autocorrelation starting at ldgwith p ~ 0.50, device (such as a handheld), then the percentage of video

ssee dé?i]ng()jr nzeocn:lglr?t:e;ngolr adeljlgggrrzgt:\gypp(z) Wm}rames that can be dropped without affecting the quality of
P ® ' viewing is higher than if the video is watched on a high-

Figure 1 plots service times and queue-lengths at the autoc@efinition television.

related resource as a function of simulation time. Initially, the ~ The proposed load control policy is driven by autocorre-
temporal dependent service process serves jobs with the fg§on that reduces the average durations of “slow” service
rate;; which results in a small queue-length. Just before poiRgriods. The duration of slow periods can be reduced by
A, the service switches to the slow state with large servi€opping longer (relatively to other) requests from the upie
timeS, and jobs progressive'y accumulate in resoaroﬂnt" of the autocorrelated server. Note that reducing the darati

a new jump restores the fast service rate and flushes the jg@ggociated to short requests also reduces autocorregibn
back to resource (point B). may thus improve performance. However, the performance

Let Ay, for k € {0, 1}, be theexpected time duration of the impact of short jobs is typically small compared to that of

MMPP(2) process successively completing service in sitatelong jobs and this makes the practice of dropping small jobs

PointsC and D in Figure 1 illustrate the practical differenceIess interesting than for large jobs. Indeed, this drop does

between strong and weak temporal dependence. Ebirp- not necessarily correspond to an interruption of the servic

resents the outcome of jumps typically found in processés WPut can be implemented in the real system in less invasive

. ' . . ways: e.g., an HTTP session processed by an overloaded Web
high temporal dependence: the duratidp of consecutively . .
S . . server may be redirected to another server in the Web farm or
large (resp. small) service times is sufficiently long taall

a complete accumulation (resp. flushing) of the jobs. PBint have its latency artificially degraded to the benefit of tHeeot

shows instead the opposite effect which is easily found inconcurrent sessions [21]. Our scheme is more effective than

process with weak autocorrelation: the absence of tempo(r)a[‘rll.er methqu, €.g., random drop, since we effecnveI)c_EmB
) : W"ﬁlch jobs in the queue are long, thus become candidates to
dependence leads to an irregularly alternating sequence 0

large and small service time that keeps the jobs in the systeny." : .
switching between the resources. Whenever behaviors &f th?hrSt’ we present a static load control policy, called@d,

tvoe oceur frequently. such as in modetéthout temporal which requires a priori knowledge of the autocorrelation
yp q Y, P! function at the server process and of a user-defined paramete
dependent service, the performance of the system impro

es .
compared to the highly-correlated case because the Ioad¥orr1 controlling the load at the autocorrelated server.o&L

: ges not require a priori knowledge of the request size.
average is more equally shared by the resources [13]. : .
) . . en, we present a related dynamic version, calledDoC,
the highly-correlated case, instead, a single resourcenbes

. . which also does not assumeny a priori knowledge and
highly-congested and slows down the entire system. : . .
~ dynamically adapts its load control parameter based omenli

From the last observation, one can infer that the duratiopgeasurement, policy targets, and statistical informatiopast
A, have a strong impact on system performance and th@jprkloads.

online modification could be beneficial to control load. In . o

a practical implementation, if we abstract the system ifx ACF-Guided Prediction

operation as here (i.e., evolving between “fast” and “slow” Dropping effectively the most harmful requests for perfor-
states), then we can use the idea of reducihgto better mance depends on the prediction accuracy of future job.sizes
balance the load among the two queues, thus improving dvetdénceforth, we daot assume a priori knowledge of any job
system performance. This is the underlying principle of thaze, i.e., the system knows the size of a job oafter it

load control scheme defined below. In the next section, weempletes execution. The aim of the prediction is as follafvs
introduce and study policies that alter the duration of thées size prediction is done effectively, long jobs can be adelya
associated with the longest processing times, thus blgdkie identified and removed from the queue so that the duratipn
performance effect of congestion periods, e.g., such abeof bf the slow state decreases, yielding an improvement of the
congestion starting at poirt in Figure 1. average response times due to the factors discussed before.

« state0 has slow service ratg, = 0.1 job/sec;



coefficientp;. All jobs that have been estimated as long are
! then dropped from the queue; indeed, if some jobs are known
to be indispensable for the application they can be tagged
JEREERERTEY ; as “undroppable” and be left in queue; we discuss this issue
in Section IV. If we drop jobs based on autocorrelation then
the estimated-short jobs remaining in queue are now more
clustered, which elongates the duratidn at the expense of
! the congested state duratioty (i.e., the system should on
average behave similarly to the part of Figure 1 before point
Q).
In order to control and maintain load reduction at a mini-
Fig. 2. lllustration of AL oC’s operations. The most-recent served job is mum, we introduce a queue length thresh@I#l for dropping
larger than%(l + k- CV) and the current queue length exceegls’ = 5. requests, wher@ < QT/N < 1. Thus ALOC starts dropping

Dark bars represent requests to be kept in the queue, ligitkgrs represent : mm@'
requests to be dropped, and blank bars represent requéstsbgeconsidered requests Only when the last Completed request Is I

by the policy. Figure 2(a) shows the policy stopping wherr jobs have been the queue length at the autocorrelated server is higher than
dropped from the queue and the current queue length reagfiesigure 2(b) Q7. Therefore, if the system is under-utilized afd” is not

shows ano_ther pOSS|b|[|ty that the policy scans the entiaéting queue and reached, then no request is dropped and all Iong requests are
only three jobs are estimated long ones and dropped. . . T ;
still served. Note also that since the policy is triggerediyon
after a long job is executed, the policy avoids starvation of

kept dropped un-checked

High-variance workload characteristics have been obserJeng jobs. _
often in the literature [3], [8], [16], therefore our implic e use an example to describe AC. In the example,
assumption that jobs can be classified into long or shorigidde®”” = 5 and there ar® jobs waiting in the queue as shown
applies to real systems. Here we assume that a juinigif its N Figure 2. Upon completion of a long job, AIC is triggered
service time is larger thap~'(1+ k- CV), wherep ! is the because the current queue Ie_ngth is greater Ma@n ALoC
mean job sizeC'V is the coefficient of variation and, e.g., ;tarts to probabilistically preghct the size of th&" waiting
k = 3, is a given constant; the results presented throughout i€ for j = 1,2,....9. For instance, ifp; = 0.40, then
paper are qualitatively similar for various choicestop 1.~ We interpret this value as 4% probability that the job in
We now describe how we can use the autocorrelati®9sitionl is similar to the last completed job, i.e., it is a long
function to predict job sizes. Let us assume that the laseser 10b- We therefore cast a random number(n1] and if the
job was long, i.e., its size was greater than'(1 + k - CV) result is less than or equal 40 the job in positionl is

for a givenk, and suppose that we wish to forecast the siZ§0pped from the queue. A similar approach can be used to
of the j-th job in queue (the jobj = 1 is the one immediately estimate the job service requirement for thth job in queue

entering service after the long job just completed). If th@sing_thegj autocorrelation coefficient, see light gray and dark
service process has a positive ACF coefficientd < p; < 1, bars in Figure 2 for an example of possible outcome of the

then there is similarity in size between the completed lorfgrecasting. The policy has two stopping conditions: a first
job and thej-th job in queue, therefore we forecast tjh Case IS when enough estimated-long jobs have been dropped

job as long. Operationally, we cast a random number witfirom the queue, and the current_queue length has peen reduced
uniform distribution in[0, 1], if the result is less than or equalt® the threshold valu@T’, see Figure 2(a). Alternatively, the

to p;, then we assume that thgth job is long, otherwise policy may exhaust the waiting queue predicting that only

it is short. That is, we assume thaf is a measure of the estimated-short jobs wait in the queue with the current queu
conditional probability for a job to be large given that thdength still exceeding)T', see Figure 2(b). At the end of one
last served job was large. A negative or zeroimplies high round, the first Job_ waiting in the current queue is adml_tted
probability that thej-th job significantly differs in size from for service. ALOC is not triggered again before completion
the long job and therefore it is likely to be forecasted agtsho®f another long job. _

Since in our analysis negative and zero autocorrelationd le Figure 3 gives the pseudo-code for AC, which assumes a

to identical forecasting, we sgt = 0 whenever the measuredP!orl knowledge of the autocorrelation coefficiepis for 1 <

lag-j autocorrelation is negative. J < N, of the service process, and the queue length threshold
QT In order to specify a fully autonomic load control policy,
B. ALOC: Satic Version the controller must be able to estimate these values orwee.

The high level idea of AbC is as follows. After a long introduce in Section IlI-D DAL oC, the dynamic version of

job is completed, the queue is scanned to find other |Ohéd_oc which is able to do online estimation of all parameters.
jobs probabilistically, according to their position in the ¢ performance of AL 0C

gueue and the value of the corresponding autocorrelatior\Ne use simulation to evaluate the performance of

1see [2] for an overview of autocorrelated-based forecgstind other In a system of two tand(:j'm flrst-come-flrst-served (FCFS)
possible use of autocorrelation to predict future valuea time series. queuesQexp and Qacr with mean service rates and Iy



1.initialize variables
a. initialize index of the ACF queuei + I;
b. initialize ACF values of the service stream at quéue
pj foralll1 <j<N;
c. initialize thresholdQT «— R - N, for a given0 < R < 1;
2.for every job completion at queuedo
a. check if service time of current request is loagd the
current queue length excee@xl;
b. if yes, start dropping
I. initialize the index of jobsy « 1;
Il. for job j, generate a random numbee [0, 1]
if s < pj;, then assume the job is long and drop it
else assume the job is short and keep it;
if the current queue length reach@¥’,
then go to ste;
elsej «— j + 1 and go to ste®-b-l;
c. else, go to steg;

Fig. 3. Description of AloC. All input parameters are determined off-line.

Customer Service Provider

Job Population = N

Qexp

Qacr

Fig. 4. A closed system with two queuégs x p andQ@ acr modeling
a media streaming system.

—0.05

. . . . . . . . .
1 100 200 300 400 500 600 700 800 900 :
lag(k)

Fig. 5. The ACF of the service process that generates theauétated
flows in the system, where the service times are drawn from M{Pwith
ACF1, ACF2 and ACF3, respectively.
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Fig. 6. Average response times of AC for Experiment 1 and Experiment
2, with N = 500 andQT' = 490 (98% of N). The drop ratios in the random
and ALOC policies are0.08, 0.10, and0.13 for ACF1, ACF2, and ACFs3,
respectively. The numbers above bars indicate the relatipgovement over
the NoDrop case.

respectively, see Figure 4. This abstraction can be used to
model a media streaming system, e.g., an Internet service

provider streaming video and audio to customers such

astocorrelations: (LACF; with p; = 0.47 decaying to zero

personal computers, personal video recorders, game @msafter lag 1500; (2) ACF, with p; = 0.46 decaying to zero
and mobile phones. We remark that the observations givieeyond lag= 240; and (3)ACF3 with p; = 0.45 decaying to
in this section readily apply to systems with more than twgero beyond lag= 100. Figure 5 shows the ACF for the three

gueues.

service processes.

Here, Qacr is the device with an autocorrelated service 1) Comparison with Random Dropping: To compare the
process, which is drawn from an MMPP(2) with mean rateffectiveness of AbC, we compare it with a policy where re-

1 =1 and squared coefficient of variati@iV'? = 20. Qgxp
is evaluated in two configurations:

quest drop is doneandomly. The random policy continuously
drops from the head of the waiting queue with probability set

o Experiment 1: Qpxp is one order of magnitude fasteras same as the overall dropping ratio of &C. For ALoC

thanQ acr;

we setN = 500 and QT = 490, i.e., 98% of N. Figure 6

« Experiment 2: Qpxp is two orders of magnitude fasterpresents the average response times HExperiment 1 and

than QACFZ.
That is, the service times ad)gxp are exponentially dis-
tributed with mean rates = 10 and A = 100 in Experiment
1 and Experiment 2, respectively.
In order to qualitatively analyze the effect of autocortiela

Experiment 2. The relativeimprovement in round trip times is
marked above each bar in the figure. Round trip times when all
jobs are admitted without load control are plotted as a basel
comparison (NoDrop bars).

In the two experiments, drop ratios of AIC are equal to

on policy performance, we also conduct experiments with08, 0.10, and0.13 for ACF,, ACF3, andACFs3, respectively.

MMPPs having different autocorrelation g 4cr for both
Experiment 1 and Experiment 2, but always such that they

Counterintuitively, the drop ratio for strong autocortethser-
vice process (e.gACF,) is lower than that for the weak one,

have the same meaq!V2, and higher moments of the job®:9-ACFs. This is because with strong ACF, the prediction

sizes. We thus obtain three service processes with ditfer&h long jobs becomes more accurate, which increases the
throughput of the autocorrelated queue and thus decreases

2Experiments with varying relative speed up to three and fonders of the queue length. As the result of this, the trigger conditio
magnitude of the two devices yield qualitatively similasults and are not i.e., the queue Iength being beyon@T, occurs less often.

reported here due to limited space. The rationale behindidering different C | h i d | iobs but i h
orders of magnitude in the service times is that this sitmais typical when onsequently, the p.O ICy drops less jobs but improves the
performance more with stronger ACF.

the service provider needs to read content from the disk.



drop ratio
o o o o
G & B w

o
=

0.05

0
500450400350300250200150100 50

@

Fig. 7.

QT

% improved round trip time

)

40

20

QT

MMPP(2) processes (i.eACF1, ACF2, andACF3) at Q acr. N = 500.

100,

Round Trip Time

NoDrop ——

drop ratio

0 P
500450400350300250200150100 50

0.3
0.25f

0.27 ;

0.15f;
0.1f,

0.05

0
500450400350300250200150100 50

©

Response Time atQp

100 T

QT

100

e (
N
o
S

—~ improved round trip tim

[}
-

40

20

@
o

60

0 Il Il
500450400350300250200150100 50

QT

Average drop ratio and average response time resueithieved by AbC as a function ofQT" for Experiment 1 and Experiment 2 with three

Response Time ahg-

NoDrop ——

10¢ Random— 10¢ 0% Random—
< } ALOC - 3 g E ALoC -
S 1b S 1l -
g o = 1t Nobrop— s 1 :
8 o0af 8 04} Random Soal
ALoC -
0.01r 0.01f 0.01F
0.001— ‘ ‘ L 0.001 ‘ ‘ ‘ ‘ 0.001—= ‘ ‘ L
0 1000 2000 3000 4000 5000 6000 0 10 20 30 40 50 60 0 1000 2000 3000 4000 5000 6(

(a) time (b) time (c) time

Fig. 8.

The drop ratio of both Random and AIC is equal t00.10.

Figure 6 shows that across all experiments,o&l.dramati-

CCDFs of response times fexperiment 1 for the random and AbC policies. Service times af 4o have ACF2, N = 500 and QT = 490.

in Qacr is equal to 50. From the figures we see that as

cally improves expected response times compared to a randQffi decreases, the drop ratio increases quickly (see Figure 7
drop policy. Parsimonious selection of the request to béeden(a) and (c)), but there is a point beyond which the drop
service results in significant improvements when compavedratio stabilizes. This happens because the smalle@fhiethe

the random policy. IrExperiment 1 with ACF,, the random larger the proportion of large jobs that are denied service a
policy results in a response reduction of about 35% fro@ cr. When QT becomes too small, the policy becomes
the baseline case. AAC further reduces average responseery aggressive: most long jobs are dropped and only few
time by 84% relative to the baseline case. Performancedrerang jobs remain in the queue to be dropped. Therefore, the
persist for ACF, and ACF3, but performance gains slightly drop ratio stabilizes because the queue is almost emptyngf lo
reduce as the strength of ACF decreases. This can be exglaijods. Across both experiments, the position of the knee ef th
by the fact that forecasting becomes less effective when tth®p ratio curve depends on the strength of the autocoioalat
autocorrelations are smaller, and job size is thus harderftmction. The stronger the autocorrelation, the lower thieie

predict. Similar trends persist iBxperiment 2 where ALOC

of QT for which the knee appears.

presents additional performance improvements as the speedrhe performance effect as a function ¢fT" values is

of the two devices differ now by two orders of magnitudsdllustrated in Figure 7 (b) and (d). The plots show that ebecel
The higher the difference in the devices speed, the betfmrformance improvements can be achieved by triggering
the performance improvement of AIC in comparison to AL OC infrequently with largeQT values, which also results

dropping randomly.

the performance effect of the pre-defined thresh@ld used

in desirable smaller drop ratios. In Figure 7 (b) and (d),
2) Sensitivity to Queue Length Threshold Q7: We quantify a large QT equal to 490 results in dramatic performance

to trigger request dropping at tligscr queue. We investigate across all experiments.
the effectiveness of a choice ¢fT" by computing the related
average drop ratio and the relative improvement of respongsis under different job populations, e.gv, = 100 and N =

time. Reported statistics are only for those requests ti#). Our results can be summarized as follows. Drop ratios

complete work in both queues.

QT for Experiment 1 and Experiment 2 by using ALOC. The

improvements while containing the drop ratio at a minimum

For completeness, we have also conducted sensitivity anal-

and relative performance gains with different populatians
Figure 7 presents performance measures as a functionqoflitatively the same as those fdf = 500. Drop ratios are

population in the model is set % = 500. QT ranges from times remain high.
100% of N, i.e., no drop since AbC is never triggered,
to 10% of N, i.e., we drop requests when the queue lengtbrmance and plot in Figure 8 the complementary cumulative

lower in less populated models while relative gains in resgo

3) Round Trip Time Distribution: We analyze the tail per-
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P ‘ W source of autocorrelation in the traffic flows of the entire
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0642?‘ NoDrop —— 1 system. Consequently, the load reduction is triggered att th

035/} Random™-~ | server.

1.initialize thresholdQT « N;
2.initialize the maximum allowable drop ratib;
3.for every C requests do

a.upon each job completion at queiie

1 100 200 300 400 5 I. calculate ACFs using Eq. (2); forall 1 <j < N —1,
lag(k) Il. if the service process at queugs autocorrelated,
then drop using the same scheme of @Q;
Fig. 9. ACF of the departure process@fsc r for Experiment 1. N = 500, b. at the end of an updating window @f requests
the autocorrelation of the service proces&@F2, andQT = 490. The drop I. calculate current drop ratid and compare withD;
ratio of random and AbC is 0.10. Il. adjustQT using Eq. (3);

o . o Fig. 10. Description of DAL oC. All policy parameters are computed on-
distribution function (CCDF) of round trip times and of"nge P N poley P P

response times alpxp and Q 4cr for Experiment 1 with
ACF, . Results forACF_l gnd ACF; are remarkably similar 1, dynamically adjus)T, we use an updating window of
to those reported in this figure. The figure shows thatd&L requests that have been served. In the experiments prdsente
significantly improves the tail of the response times)alcr  here C is set to 3000. The value )T is initialized to N.
and consequently the response times. The tails of reSpopgg every batch of' requests, DAL oC compares the current
times atQgx p Of all three policies are almost identical.  equest drop ratial with the maximum allowable drop ratio
Figure 9 also depicts the ACFs in the departure process gf i the current drop ratio exceeds, thenQT is increased
Qacr (i-e., arrivals toQgxp). The random policy achievesi, requce the frequency of dropping requests. If the drop
a small reduction in the autocorrelation function compargdis 7 is below D. then QT is reduced to drop requests
to the, original one (labeled as “NoDrop” in the figure)yore aggressively. The following equation illustrates HQ®
ALOC's ability to selectively deny service of jobs in the:nanges by a value that is proportional to the difference

queue that cause autocorrelation is shown in the figure: $gnyeen the drop ratid and the allowable drop rati®:
departure process curve that corresponds to this policwsho

autocorrelation that is significantly reduced. o = QT +(N-QT) -5 ifd>D 3)
Tl QT - (QT—0)- 5% ifd<D

D. D_AL oC: Dynamic Policy

This version of the policy does not require any a prio®pon updating)7', the new threshold for the nekt requests
knowledge of either autocorrelation coefficients or qued the autocorrelated server. Figure 10 gives the pseude-co
length threshold)T. D_AL oC computes the autocorrelationfor D_ALOC.
coefficients online, allowing for changes in the workload
characteristics over time and self-adju§t® such that target E- Performance of D_AL oC
performance parameters are met. In this section, we evaluate the effectiveness ofAD oC.

For each server, DALOC evaluates its mean service timeThe simulation environment is the same as in Section 11I-C.
its coefficient of variation, and the autocorrelation caéfiiits For all experiments presented here, we set the maximum
of the service process when a job is completed at thaltowable drop ratio equal to 0.06, 0.08, 0.10, or 0.13. Fig-
particular server, using a modified version of Welford's oneure 11 presents the average response times as a function of
pass algorithm [22]. The definition of ACF at lgggiven in drop ratio in Experiment 1 and Experiment 2 under both
Eqg. 1 can be rewritten as follows: D_ALoC and ALoC policies. Round trip times when all jobs

_ 1 _1\2\ /2 are admitted are also plotted as a baseline comparison, Here
pi = (B Xagg] = B[R+ Kol -p 72+ (07)7)/0% @) poc s parameterized such that the ideal” is selected
wherep~! ando? are respectively mean and variance of the achieve the pre-defined drop ratio while achieving best
sequence and performance. At the beginning of the simulation, AL oC
initializes QT = 500 (i.e., no drop), but it gradually changes
ElXeXers] = ElXe-1Xe4j] this value such that the average drop ratios are maintained
+XtXt+J’ — E[X 1 Xy below the corresponding pre-defined allowable drop ratio.

t The experiments depicted in Figure 11 indicate that

BlXe+Xej] = ElXi1+ Xigjl D_AL oC's performance is very close to AIC's. This means
+Xt + X —E[Xya + XtJrj*l]. that D_ALOC is truly effective, especially because for each

3 ALOC bar in Figure 11, the value of)T is selected by

If the autocorrelation coefficients in a specific server amxhaustive searching so that AC achieves the best response
positive, then DALOC determines that this server is thevalues.
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Fig. 11. Average response times under drop ratios of 0., ©.08, 0.10, and 0.13, fdExperiment 1 and Experiment 2. Service times of) 4oz are drawn
from three different MMPP(2)s (i.eACF1, ACF2, andACF3). N = 500. The number above bar are the relative improvements oveNdizrop case.

Drop Ratio = 0.06 Drop Ratio = 0.08 Drop Ratio = 0.10 Drop Ratio = 0.13
100 T T T 100 T T T 100 T T T 100 T T T
NoDrop — NoDrop —— by NoDrop —— D NoDrop ——
ALoC ALoC ALoC - ALoC
9 10¢ D_ALoC 18 10F D_ALoC e 10F 3 D_ALoC -~ e 10F ¢ D_ALoC
8 8 8 ?;
1t E 1r 1 1r 3 1ir 3
0.1 ““ I I 1 L L I | o L L

- 0.1 ! 0.1 01
0 1000 2000 3000 4000 O 1000 2000 3000 4000 o 1000 2000 3000 4000 O 1000 2000 3000 40t
round trip time round trip time round trip time round trip time

Fig. 12. CCDFs of response times under drop ratios of 0.9 (i@ drop), 0.06, 0.08, 0.10, and 0.13, fexperiment 1, where the service times @ 4o r
are drawn fromACF3. N = 500.

Figure 12 illustrates the CCDF of response times undeonsumer electronic devices and the second queue remesent
drop ratios of 0.0 (i.e., no drop), 0.06, 0.08, 0.10, and 0.1Be server that has stored the media content, e.g., moviegss
for Experiment 1 with ACF, in the service stream @ 4cr. and games.
The figure clearly shows that both AC and DALOC  |n this section, we use actual traces measured at the disk
significantly improve the tail of response times. The tail ogye| of a streaming system to evaluate how &C and
D_ALoC is close to that of ADC, and the gap between thesgy AL oC perform in a practical setting. The traces record,
two tails diminishes as the drop ratio increases. In summagy high resolution, both arrival and departure times of each
Figures 11 and 12 argue for_BLoC's effectiveness and request. Further details on these traces and their reigesen
robustness with respect to different autocorrelationnsfites  tiyeness can be found in [16].
in the service process @ ¢, different target drop ratios,

. The mean service time recorded in the trace is 1.09 ms and
and relative speeds @@rxp andQ scr.

CV is equal to 2.47. Figure 13 presents the autocorrelation

function for the disk service process in this trace. At the

first queue in our model, service times are drawn from an
The majority of Internet-based media streaming systems aaxponential distribution with mean service time equal 1©10.

be modeled as a closed queueing system, see Figure 4. In suehi.e., the first server is two orders of magnitude faster to

a model, the first queue represents the device which receivéswv the content than the server that reads the content from

the streaming media, e.g., a personal computer and otkex disk. The populatiotV in the system is set t200 and the

IV. TRACE DRIVEN EVALUATION



sample space is equal to 1,043,259 requests. We remark thedults presented in the previous section: as the drop ratio
for increased values of the populatidh the autocorrelation of increases, the response times significantly decreasélLBC
disk request sizes would be the same since in queueing model-adjusts its configuration parameters and achieveselglo
the service process is commonly assumed to be independentgood response times as the carefully tuned&L The
of N. restriction of dropping certain requests in Dyn-Mark résul
in a slight degradation in performance improvements, but
nevertheless significant gains in comparison to no drop.
Figure 15 plots the tails of the response time distributmm f
all policies. Results are consistent with those reporteth@n
synthetic trace, further arguing for the robustness cADoOC
even with drop restrictions.
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N . V. CONCLUSIONS ANDFUTURE WORK

1 50 100 150 Zof’agz(i)o 300 350 400 450 In this paper we have proposed AC and D ALOC,
two autonomic load control policies that use for the first
Fig. 13. The ACF of the service times at a streaming device. time autocorrelation measured in service times as a @iteri
to selectively drop queued requests and control load in a
distributed system. Using autocorrelation, both policees

NoDrop Random

ALoC " D_ALoC M Dyn—-Mark =1 able to effectively guess the future service requiremeffits o
_ 3?877 . < ] incoming jobs at a server and drop the load according to this
€ 2001/ mMESE 2 3 ] forecasting information.
2 igg: e 3 1 Using extensive simulations we have shown thato& and
2 170t 1 D_AL oC are able to reduce end-to-end system response times
§ igg: 7 1 for different workload intensities, levels of autocorteda, and
3 14318— 1 target drop ratios. Experiments on synthetic traces shav th

the response time improvement of AC and D AL oC typ-
000 007 drop(r’;ii 0.16 ically varies betweers0% and 80%. On a real trace where

some requests are marked as high priority requests and at the

Fig. 14. Average performance response times when 0% (neihg)p 7%, €Xtreme case as “undroppable”, both policies are still very

12%, and 16% of the work in the second server (disk) is droppee= 200.  effective, with a response time improvement betwe&g# and

The numbers above bars indicate the relative improvemesit e NoDrop

case. _30%. These re_SL_JIts promote AdC an_d DALoC as easy-to-
implement policies for load control in autonomic systenms. |

To investigate policy robustness, we add an additionde future, we plan to study the behavior of systems where
restriction by marking some requests as “undroppable”. [Rultiple resources have autocorrelated service times.
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